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An Empirical Analysis of the Impact of Cross-Channel Promotions 
in Multi-Channel Grocery Retailing 
 
INTRODUCTION 
“The future of grocery shopping is multi-channel” (Joanne Denney-Finch, chief 
executive, IGD 2009). Multi-channel grocery shoppers, who regularly visit both online and 
offline grocery stores, are a rapidly growing segment that dramatically changes the ‘currently 
saturated’ grocery market (IGD 2011). The upcoming trend of grocery shoppers using multiple 
channels challenges retailers to think about how to construct their operation models and how to 
implement marketing mix strategies (Retail Systems Research 2013). Multi-channel shoppers are 
not only exposed to marketing actions of the online as well as the offline channel, they also seem 
to seize the opportunity to take advantage of the special offers available across these different 
channels. A survey conducted by IGD (2011), for instance, has shown that 49% of respondents 
say they use several channels to take advantage of promotions and 37% of respondents say they 
want to save money by using multiple channels. An important consideration for multi-channel 
retailers is thus which promotion strategy to adopt across channels. 
In this research, we focus on retailers that offer a differentiated promotion program across 
their online and offline channel.1 The practice of offering different promotions across the online 
and offline channel has been widely adopted by retailers, often for pragmatic reasons (e.g., 
                                                          
1 We define sales promotions as temporary price discounts (see Data section). We focus on consumer reactions 
towards these sales promotions, and hence do distinguish between promotions that are initiated by either the 
manufacturer or retailer. Most of these promotions are accompanied by offline feature and display advertising (cf. 
Blattberg and Neslin 1989) or online advertising in the form of banners and shelf tags. Unfortunately we do not have 
sufficiently detailed data to distinguish between these sales promotion forms, which tend to be highly correlated 
anyways because they are often used together (cf. Blattberg and Neslin 1989). 
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because each channel has its own account manager who is responsible for day-to-day operations 
like promotions; Avery et al. 2012). For instance, two large European multi-channel grocery 
retailers, Ahold and Delhaize, have in a given week a different set of promotions available in 
their online and offline stores. There are pros and cons associated with the adoption of such a 
differentiated promotion strategy. On the one hand, as a result of the differences in shopping 
environment, consumers’ sensitivity and response to promotions may differ across channels 
(Neslin et al. 2006; Chu et al. 2010). A differentiated promotion strategy that exploits these 
differences in promotion sensitivity may lead to higher effectiveness and profitability (Wolk and 
Ebling 2011). On the other hand, most online grocery shoppers are multi-channel shoppers, 
implying that they do not belong to a separate online and offline shopper segment (Chu et al. 
2008) and that following a differentiated strategy may reduce the consistency in chain image and 
appeal (Shankar et al. 2011). In addition, when multi-channel shoppers are exposed to different 
promotions in the online and offline channel, they may adjust their behavior to take maximum 
advantage of promotion opportunities, leading to shifts in category sales from one channel to the 
other, rather than an overall boost in category sales for the chain as a whole. Finally, multi-
channel shoppers may encounter a larger number of promoted items in a given time period and 
may therefore more easily ‘get used’ to promotions being offered. This increased promotion 
exposure can reduce their overall promotion responsiveness (Foekens et al. 1999; Kalyanaram 
and Winer 1995; Kopalle et al. 1999). 
Because a differentiated promotion strategy can have positive as well as negative 
outcomes, it is important to investigate and understand how channel differences in promotion 
strategy can affect buying behavior in both channels. The previous discussion demonstrates that 
this problem is far more complex than getting insights into the difference in promotion 
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responsiveness across both channels, and that the impact of potential cross-channel promotion 
effects should also be taken into account. The major objective of this research is to investigate 
these cross-channel promotion effects, where we take the point of view of a grocery retail chain 
that differentiates promotion actions across its online and offline channel. This multi-channel 
single-chain context allows us to concentrate on cross-channel promotion effects that are caused 
by pure online and offline channel differences rather than confounding effects of other 
differences in a multi-chain context (e.g., differences in price/quality positioning, retail store 
image). Our focus also lies on how promotions change in-store purchase behavior within a 
category, more particularly, category purchase incidence and quantity decisions across channels, 
(i.e., primary demand effects) which are the most relevant outcomes from a retailer point of view 
(Ailawadi et al. 2006; Bell et al. 1999; van Heerde et al. 2003). 
Based on prior research on promotion effects in an offline shopping context, we can 
derive three major issues that need to be examined to get a better insight into the nature and 
importance of cross-channel promotion effects. First, prior research provided evidence of strong 
cross-competitive effects, at the store choice as well as the category level, with category 
promotions in one store leading to pre-emption of category purchases in another regularly visited 
store (Bucklin and Lattin 1992). Along these lines, we want to investigate whether category 
promotions in one channel affect category purchase decisions of multi-channel shoppers in the 
other channel (cross-channel immediate effect). Second, research on the delayed effect of 
promotions has shown that frequent own and competitive promotion activities in the past can 
reduce the consumer’s future promotion sensitivity (e.g., Foekens et al. 1999; Kalyanaram and 
Winer 1995). Our second research objective is to investigate whether similar delayed promotion 
effects exist across channels, where past category promotions in one channel reduce consumers’ 
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category-specific promotion sensitivity in the other channel (cross-channel delayed effect), 
increasing the risk of reduced promotion sensitivity. Third, consumers are heterogeneous in 
responsiveness to marketing actions and prior promotion research has repeatedly demonstrated 
the importance of controlling for household heterogeneity (Bucklin and Gupta 1992; Bucklin et 
al. 1998; Bucklin and Lattin 1992; van Heerde and Neslin 2008; Zhang and Krishnamurthi 2004; 
Zhang and Wedel 2009). Translating this to the multi-channel context, our third research 
objective is to investigate whether cross-channel immediate and delayed promotion effects have 
a stronger negative impact on purchase decisions for some types of consumers than for others. 
 From an academic point of view, this research provides important contributions to the 
promotion and multi-channel retailing literature. For one, it extends the promotion literature by 
examining cross-channel promotion effects in a multi-channel context. Previous literature 
focused on cross-competitive promotion effects on brand or store choice within the offline 
channel (Ailawadi and Neslin 1998; Bell et al. 1999; Blattberg et al. 1995; Bucklin and Gupta 
1992). Studies that examined promotion effects in different channels mainly focused on 
differences in promotion effectiveness between channels, but did not examine whether 
promotions in one channel may also affect purchase decisions in the other channel (Chu et al. 
2008; Zhang and Wedel 2009). This research also extends the multi-channel shopping literature 
as it is, to the best of our knowledge, the first to examine the effects of a differentiated promotion 
strategy across channels, taking into account both cross-channel immediate effects on purchase 
behavior and cross-channel delayed effects on consumers’ promotion sensitivity. From a 
managerial point of view, our research helps multi-channel retailers to gain insights in the 
complex trade-off between the pros and cons of a differentiated promotion strategy. This may 
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help them to improve their overall business strategy and to optimize cross-channel synergies 
through effective promotion planning. 
To analyze cross-channel immediate and delayed promotion effects, we estimate a model 
that captures purchase incidence and quantity decisions in the category, that allows for channel-
specific and time-varying promotion effects, and that incorporates a latent class estimation to 
account for unobserved consumer heterogeneity. We have access to a unique data set from a 
representative UK household panel from Kantar Worldpanel obtained from AiMark for the 
period starting July 2006 till December 2007. Our data cover household (online and offline) 
grocery purchases and allows to deduce online and offline promotion information. We estimate 
category purchase decision models for two frequently purchased categories, milk and cereals, 
across the online and offline channel of Tesco, the market leader in the grocery sector in the UK 
both for the online as well offline channel. The empirical results confirm that sales promotions 
have strong positive effects on category purchase decisions within the channel, but may also 
negatively affect category purchase decisions in the other channel. Cross-channel delayed 
effects, on the other hand, appear to be weak or insignificant, implying that the opportunities for 
cross-channel promotion differentiation entail a low risk of coming at the cost of reduced 
promotion sensitivity in the long run. In addition, we find clear evidence that cross-channel 
promotion effects are heterogeneous and especially come into play for segments with more loyal 
multi-channel shoppers. 
In the next section, we describe the conceptual framework that is used to derive 
expectations on cross-channel immediate and delayed promotion effects. Next, we describe our 
modeling approach and the data that were used for the empirical analysis. After an overview and 
discussion of the estimation results, we conclude with our main findings and an overview of 
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important managerial implications. Finally, we discuss some limitations and extensions for 
further research. 
 
CONCEPTUAL FRAMEWORK 
Based on the insights from previous research on immediate and delayed promotion 
effects in an offline shopping context (e.g., Ailawadi and Neslin 1998; Bucklin and Gupta 1992; 
Chiang 1995; Chintagunta 1993; Foekens et al. 1999; Mela et al. 1998; Pauwels et al. 2002; Sun 
et al. 2003), we develop a conceptual framework describing the expected effects of promotions 
on category purchase decisions in a multi-channel context. Given that our focus is on quantifying 
the impact of cross-channel promotions from a retailer’s perspective, we focus on primary 
(incidence/quantity) rather than secondary (brand choice) demand effects (Ailawadi et al. 2006; 
Bell et al. 1999; van Heerde et al. 2003). In the following discussion, we do not explicitly 
distinguish between category purchase incidence and quantity decisions, as previous research has 
demonstrated that there is a similar direction in how promotions affect these decisions (Bell and 
Hilber 2006; Neslin 2002). We do, however, allow the magnitude of the effects to differ in our 
empirical analyses (see Model section). Figure 1 gives a visual representation of the conceptual 
framework. We first discuss the within-channel immediate and delayed promotion effects, which 
have already been examined in previous (offline) promotion studies. Next, we discuss the 
expected cross-channel immediate and delayed promotion effects. Lastly, we explore how these 
cross-channel promotion effects may differ across households. 
<Insert Figure 1 about here> 
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Within-channel immediate effects 
Several studies have demonstrated that sales promotions can have a strong immediate 
positive effect on consumers’ category purchase decisions in offline stores (Bucklin and Gupta 
1992; Gupta 1988). By increasing the attractiveness of promoted items, sales promotions can 
induce consumers to accelerate their purchases and/or stimulate them to buy larger quantities for 
future consumption (i.e., positive effects on primary demand: Ailawadi and Neslin 1998; Bell et 
al. 1999; Bucklin and Gupta 1992; Mace and Neslin 2004; Sun et al. 2003; van Heerde et al. 
2000; van Heerde et al. 2003). Similar promotion stimulating effects on purchase decisions have 
been reported for online promotions (Degeratu et al. 2000; Zhang and Krishnamurthi 2004; 
Zhang and Wedel 2009). The immediate effect of promotions on category purchase decisions in 
the offline store environment is shown to be stronger when category level promotions are more 
attractive, which may depend on the number of category items on promotion, the magnitude of 
promotional advantages, and the consumers’ preference for the promoted items (Nijs et al. 2001; 
Shankar and Bolton 2004). We expect that this may also hold for the online store environment, 
and therefore hypothesize that – for both channels – a more attractive promotional offer (i.e., 
more items on promotion, and/or larger price discounts and/or promotions for more preferred 
SKUs) increases the likelihood of buying the category as well as the amount that is bought in the 
current period. Hence, 
H1: A more attractive category promotion offer in a channel has an immediate positive impact on 
consumers’ category purchase decisions in this channel. 
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Within-channel delayed effects 
Previous research on the delayed effects of promotions has indicated that frequent 
exposure to promotions may affect consumers’ perceptions of and sensitivity to promotional 
actions (Krishna et al. 1991). When promotions become endemic, consumers may change their 
future expectations about the value and frequency of deals, ultimately even leading to a situation 
where they consider promotional deals as normal (Blattberg et al. 1995). As promotions lose 
their exceptional appeal, they no longer provide an incentive for consumers to buy earlier and/or 
more (Mela et al. 1998). As a result, frequent exposure to promotions can make consumers less 
sensitive to future promotions (Foekens et al. 1999; Kalyanaram and Winer 1995; Kopalle et al. 
1999). While this effect has only been examined in an offline store context, we expect the 
underlying mechanism and effect to hold for the online channel as well. Frequent promotions in 
an online store can change consumers’ future expectations about the perceived value and 
frequency of promotions in a similar way as has been observed in an offline context. Therefore, 
we expect that: 
H2: A higher frequency of category sales promotions in previous periods in a particular channel 
reduces the impact of current period category promotions on current category purchase decisions 
within the channel. 
 
Cross-channel immediate effects 
Prior research has suggested that promotions stimulate switching and trigger a change in 
purchase decision from the planned or favorite option to the promoted alternative, as the 
promotion-induced increase in utility can help the promoted alternative to surpass the utility of 
otherwise chosen options (Blattberg and Neslin 1990; Bucklin et al. 1998; Chiang 1991; Foubert 
10 
 
and Gijsbrechts 2007; Gupta 1988; Neslin 2002). Evidence has also been provided for direct and 
indirect store switching effects triggered by promotions (Ailawadi et al. 2006; Bucklin and Lattin 
1992; Kumar and Leone 1988; MacKenzie and Walter 1988). Promotions can not only increase 
the overall attractiveness of a store and attract customers that would otherwise not have visited 
the store (direct store switch). They can also influence category allocation patterns of consumers 
who regularly visit multiple stores, and lead to pre-emption of category purchases in one of the 
other frequented stores (indirect store switch; Bucklin and Lattin 1992). Given that multi-channel 
shoppers plan their purchases to take maximum advantage of promotions and other opportunities 
they encounter when visiting different channels (IGD 2011), we expect similar indirect channel 
switching effects of promotions in a multi-channel context. Promotions that temporarily increase 
the relative attractiveness of a category in a specific channel are expected to have a positive 
effect on category purchase decisions within that channel, resulting in a negative effect on the 
category purchase decision in the other channel. Hence: 
H3: A more attractive category promotion offer in one channel has an immediate negative impact 
on consumers’ category purchase decisions in the other channel. 
 
Cross-channel delayed effects 
Multi-channel shoppers who interchangeably shop in the online and offline channel of the 
same grocery chain may consciously or unconsciously store information on category sales 
promotions of both channels in their memory, and use it to form expectations on future 
promotion activities. Consequently, a high frequency of promotions in one or both channels 
could lead to the expectation that there will be frequent opportunities in the future to buy the 
category in promotion. This may reduce the consumers’ sensitivity to promotions in both 
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channels, as there is no need to displace future purchases to the current promotion period, which 
would only lead to an increase in storage costs (Blattberg et al. 1995). Consequently, a high 
frequency of category sales promotions in the past in one channel may not only reduce 
consumers’ sensitivity to promotions in the same channel, but also reduce consumers’ sensitivity 
to promotions in the other channel. Therefore: 
H4: A higher frequency of category sales promotions in previous periods in a particular channel 
reduces the impact of current period category promotions on current category purchase decisions 
in the other channel. 
 
Household differences 
Obviously, these cross-channel immediate and delayed effects may differ across 
households (cf. van Heerde and Neslin 2008). First, they can only affect category purchase 
behavior of multi-channel shoppers who visit the offline and online store of the same chain 
(cross-channel effects do not come into play for single-channel shoppers). Second, we expect 
that the effects will be stronger for customers that are more loyal to the chain, i.e., those that 
spend a larger share of their purchases at the focal chain. When consumers are less loyal and 
regularly visit multiple chains (multiple store shoppers; see e.g., Gijsbrechts et al. 2008; 
Vroegrijk et al. 2013), they may not only shift category purchases across channels, but they may 
also shift category purchases across chains. Hence, consumers that are less loyal have more 
opportunities to reduce their category purchases in other chains in response to attractive 
promotions in the focal chain (resulting in lower cross-channel immediate effects), and may have 
a lower sensitivity to the promotion frequency in the focal chain (resulting in lower cross-
channel delayed effects). As the degree of loyalty can differ across categories (cf. Bell and Lattin 
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1998), we focus on category-specific loyalty and expect that negative cross-channel immediate 
and delayed promotion effects will be more pronounced for category loyal customers of the 
chain. 
H5a: The negative cross-channel immediate effect on category purchase decisions will be more 
pronounced in segments with more multi-channel shoppers. 
H5b: The negative cross-channel immediate effect on category purchase decisions will be more 
pronounced in segments with more category loyal customers of the chain. 
H5c: The negative cross-channel delayed effect on category purchase decisions will be more 
pronounced in segments with more multi-channel shoppers. 
H5d: The negative cross-channel delayed effect on category purchase decisions will be more 
pronounced in segments with more category loyal customers of the chain. 
 
MODEL 
To analyze within- and cross-channel promotion effects, we concentrate on consumers’ 
category purchase decisions, given channel and chain choice. Channel choice, i.e., the decision 
to visit the online or offline channel, and chain choice, i.e., the decision to visit a particular 
chain, are treated as exogenous decisions. The main reasons for analyzing category purchase 
decisions for a single multi-channel grocery chain are that we want to focus on mere channel 
allocation effects at the category level, while keeping the analysis tractable. In line with previous 
studies on category level promotion effects, we define sub models for (i) the purchase incidence 
decision, i.e., the decision to make a category purchase in a particular channel of the chain (given 
channel and chain visit), and (ii) the purchase quantity decision, i.e., the decision on how much 
volume to buy from the category in the channel of the chain (given purchase incidence). While 
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we expect promotions to affect both decisions in the same direction, the magnitude of effects can 
differ between both decisions. Both models are estimated simultaneously using maximum 
likelihood procedures (and Latent Gold software which allows to define latent classes over both 
models simultaneously; see Vermunt and Magidson 2005). The indices i, t and c refer to the 
household, purchase occasion2 and channel respectively (for reasons of parsimony, we leave out 
the category and segment indices). To distinguish between within- and cross-channel effects, we 
use the indicator 𝑐 and 𝑐̅ to denote the own and competitive channel, and c=1 for the online and 
c=2 for the offline channel. 
The category purchase incidence model explains whether household i makes a category 
purchase in channel c on purchase occasion t (bit,c) and is described by the Probit model below: 
(1)        𝑏𝑖𝑖,𝑐 = �1, 𝑖𝑖 𝑏𝑖𝑖,𝑐∗ > 00, 𝑜𝑜ℎ𝑒𝑒𝑒𝑖𝑒𝑒 , 
where 𝑏𝑖𝑖,𝑐∗  is a latent variable capturing the attractiveness for household i to make a purchase in 
the category in channel c on purchase occasion t, modeled by the following linear specification: 
(2) 𝑏𝑖𝑖,𝑐∗ = (𝛼0 + 𝛼1 ∗ 𝑜𝑜𝑜𝑒𝑜𝑖𝑖 +  𝛼2 ∗ log(𝐶𝐶𝑖) + 𝛼3 ∗ MCINV𝑖𝑖+ 𝛼4 ∗ log(𝐼𝐼𝐼𝑖𝑖) + 𝛼5𝑐 ∗
𝑙𝑜𝑙𝑙𝑙𝑖𝑖,𝑐) + (𝜇1𝑐 ∗ 𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 + 𝜇2𝑐 ∗ 𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅). 
All the details on the operationalization of the variables can be found in Table 1, and will 
be explained in the Data section. The expression within first brackets measures the household’s 
baseline category purchase tendency in the absence of promotions. The average tendency to buy 
in the category (captured by the intercept α0) is adjusted for possible channel differences using an 
online channel dummy variable (𝑜𝑜𝑜𝑒𝑜𝑖𝑖). The overall tendency to buy the category in the online 
channel is then equal to α0 + α1. We expect the online correction parameter α1 to be positive, 
                                                          
2 In line with previous studies on purchase category decisions (see van Heerde and Neslin 2008), we model 
decisions made at a ‘purchase occasion’ (in our case, periods with a visit to the channel) rather than absolute points 
in time such as every week, since we treat the visit to the channel as given. Hence, we focus only on weeks where 
households are in the opportunity to buy the category in a given channel. 
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given the consumers’ tendency to buy larger baskets online (Chintagunta et al. 2012). To get an 
accurate estimate of household consumption needs and inventory effects, we use the procedure 
suggested by Bell and Boztuğ (2007). The consumption rate parameter α2 is expected to be 
positive: higher consumption needs leading to a stronger tendency to make a purchase in the 
category. In contrast, the (mean-centered) inventory parameter α3 is expected to be negative: 
higher than usual household stocks reducing the need to purchase the category. In this way, we 
also capture dynamic promotion effects (purchase acceleration and stock-piling effects) and 
account for past promotion effects on current category purchase decisions (Neslin and Schneider 
Stone 1996). Bell and Boztuğ (2007) suggest that in addition to the traditional mean-centered 
inventory variable that controls for heterogeneity across different households, there can also be a 
positive effect due to inventory estimation bias. To test for this inventory bias, we include a log 
inventory variable which we expect to be positive (captured by 𝛼4). In addition, we include 
channel-specific loyalty variables (𝑙𝑜𝑙𝑙𝑙𝑖𝑖,𝑐) (cf. Guadagni and Little 2008), which capture a 
household’s habit or preference to purchase a category in a specific channel of a given chain. The 
related parameters (𝛼5𝑐) are expected to be positive: a higher category-specific loyalty to channel 
c of the focal chain in the past leading to a higher tendency to repurchase the category in that 
channel. 
<Insert Table 1 about here> 
The expression within second brackets captures within- and cross-channel promotion 
effects (𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 and 𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅ respectively). The within-channel promotion variables 
(𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐) are household- and channel-specific category promotion variables, measured as 
weighted promotional price reductions offered in the category and channel on a given purchase 
occasion. These variables are household-specific because (i) we focus on visits to a channel 
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where the household is in the opportunity to buy the category and (ii) use household preferences 
for specific items (based on the share in category purchases in the initialization period) as 
weights (see Data section and Table 1 for operationalization details). The parameters are 
expected to be positive (𝜇11 > 0 and 𝜇12 > 0), reflecting that more attractive promotion offers in 
a channel have an immediate positive impact on consumers’ category purchase incidence 
decisions in that channel (cf. H1). 
The cross-channel promotion variables (𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅) are constructed in the same way, but 
only taking those purchase occasions into account where household i visited the other channel 
(𝑐̅) within the same week, and thus was exposed to promotions in that channel. The parameters 
of cross-channel promotion variables are expected to be negative (𝜇21 < 0 and 𝜇22 < 0), 
reflecting that more attractive promotion offers in one channel may have an immediate negative 
impact on consumers’ category purchase incidence decisions in the other channel (cf. H3). 
To incorporate delayed promotion effects, we use a model with varying parameters 
(Foekens et al. 1999; Kopalle et al. 1999). More specifically, we make the parameters of the 
within-channel promotion variables (𝜇1𝑐) a function of a constant (capturing the sensitivity to 
current within-channel promotions), a past promotion frequency variable in the own channel c 
(𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐; capturing the change in promotion sensitivity caused by within-channel delayed 
effects) and a past promotion frequency variable in the competing channel 𝑐̅ (𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅; 
capturing the change in promotion sensitivity caused by cross-channel delayed effects).3 
(3) 𝜇1𝑐 = 𝜇10,𝑐 + 𝜇11,𝑐 ∗ 𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 + 𝜇12,𝑐 ∗ 𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅. 
                                                          
3 As will be explained in more detail in the Data section, the delayed effects are not weighted with household-
specific preferences (they do remain household-specific as we only focus on visits to a channel where the household 
is in the opportunity to buy the category). 
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As explained in the conceptual framework section (H2 and H4 respectively), we expect 
that a high frequency of category promotions in channel c in the past reduces a household’s 
category-specific sensitivity to subsequent promotions, in the own as well as the other channel. 
Hence, we expect that parameters capturing these within- and cross-channel delayed promotion 
effects are negative (𝜇11,𝑐 < 0 and 𝜇12,𝑐 < 0). 
We use a regression model to explain how much a household i buys in a category in a 
specific channel c during purchase occasion t, conditional upon a purchase decision (𝑏𝑖𝑖,𝑐 = 1). 
We operationalize the category purchase quantity variable as the logarithm of the total quantity 
(in standardized units: milliliter for milk, gram for cereals) household i bought in channel c on 
purchase occasion t. The use of the logarithm ensures that the distribution of the continuous 
dependent variable is closer to normal (e.g., Fox et al. 2004; van Heerde et al. 2008). We define 
all the explanatory variables in equation (4) and (5) in the same way as before and have similar 
expectations regarding the parameters. 
(4) ln (𝑃𝑃𝑖𝑖,𝑐∗ ) = �𝛽0 + 𝛽1 ∗ 𝑜𝑜𝑜𝑒𝑜𝑖𝑖 +  𝛽2 ∗ log(𝐶𝐶𝑖) + 𝛽3 ∗ MCINV𝑖𝑖+ 𝛽4 ∗ log(𝐼𝐼𝐼𝑖𝑖) +
𝛽5𝑐 ∗ 𝑙𝑜𝑙𝑙𝑙𝑖𝑖,𝑐� + �𝛿1𝑐 ∗ 𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 + 𝛿2𝑐 ∗ 𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅�, 
(5)  𝛿1𝑐 = 𝛿10,𝑐 + 𝛿11,𝑐 ∗ 𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 + 𝛿12,𝑐 ∗ 𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅.. 
To account for household differences in within- and cross-channel immediate and 
delayed promotion effects, the purchase incidence and quantity models are estimated using a 
latent class analysis approach. To keep the model tractable, and given our focus on promotion 
effects, we allow the parameters of the promotion effects to differ across consumer segments, 
while we keep the parameters of the control variables (i.e., online visit, consumption rate, 
inventory level, and loyalty) constant over different classes. In order to investigate if and how 
households may differ in their promotional reactions, we use a concomitant variable finite-
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mixture model and formulate the latent segment membership as a function of household 
characteristics (see Gupta and Chintagunta 1994). More particularly, since we expect that 
promotional reactions may differ according to the degree of multi-channel shopping and 
category-specific chain loyalty (cf. conceptual framework; H5), we use a multi-channel dummy 
variable (𝑀𝐶𝑀ℎ𝑜𝑝𝑝𝑒𝑒𝑖) and the share of category purchases at the focal chain (𝐶𝑙𝑜𝑀ℎ𝑙𝑒𝑒𝑖) as 
concomitant variables to model the segment membership probabilities. Similar to the formulation 
used by Gupta and Chintagunta (1994), we specify the segment membership probability pig as: 
(6) 𝑝𝑖𝑖 = exp (λ0𝑔+λ1𝑔∗𝑀𝑀𝑀ℎ𝑜𝑜𝑜𝑜𝑜𝑖+λ2𝑔𝑀𝐶𝑖𝑀ℎ𝐶𝑜𝑜𝑖)1+∑ exp (λ0𝑚+λ1𝑚∗𝑀𝑀𝑀ℎ𝑜𝑜𝑜𝑜𝑜𝑖+λ2𝑚𝑀𝐶𝑖𝑀ℎ𝐶𝑜𝑜𝑖)𝐺−1𝑚=1 . 
The log-likelihood function for the entire sample is given by: 
(7) 𝐿𝐿 = ∑ 𝑙𝑜𝑙�∑ 𝑝𝑖𝑖 ∏ 𝐿𝑖𝑖|𝑖𝑇𝑖𝑖=1𝐺𝑖=1 �𝐼𝑖=1 , 
where pig is household i’s probability of belonging to segment g (g = 1, … G), Ti is the number 
of purchase occasions during which household i made a visit to the chain, and I is the number of 
households in the data. Lit|g is household i’s simultaneous likelihood for purchase incidence and 
quantity decisions on purchase occasion t (van Heerde and Neslin 2008), and is conditional upon 
i belonging to segment g: 
(8)  𝐿𝐿𝑖𝑖|𝑖 = 𝑙𝑖𝑖,𝑐 ∗ ln (𝑃𝑖�𝑏𝑖𝑖,𝑐 = 1�) +  (1 − 𝑙𝑖𝑖,𝑐) ∗ ln �1 − 𝑃𝑖�𝑏𝑖𝑖,𝑐 = 1�� + 𝑍𝑖𝑖,𝑐 ∗ 𝑃𝑖(𝑃𝑃𝑖𝑖,𝑐 = 𝑃𝑃𝑖𝑖,𝑐∗ |𝑏𝑖𝑐𝑖=1)  
with 𝑙𝑖𝑖,𝑐 as the category purchase indicator, equal to 1 if household i purchased the category in 
channel c on purchase occasion t, 0 otherwise; and 𝑍𝑖𝑖,𝑐 as the purchase quantity indicator, equal 
to 1 if household i purchased 𝑃𝑃𝑖𝑖,𝑐∗  units in channel c on purchase occasion t – given purchase 
incidence, 0 otherwise. 
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DATA 
We have data from a representative UK household panel from Kantar Worldpanel 
obtained from AiMark for the period starting July 2006 till December 2007. The UK online 
grocery market is, from all major online grocery markets, the most developed one (A.T. Kearney 
2012): 74% of UK’s population used the online channel for household grocery shopping activity 
in 2012 (Nielsen 2012). Our data cover 78 weeks of household (online and offline) grocery 
purchases at Tesco, the market leader in the grocery sector in the UK both for the online as well 
offline channel. Data of the first 26 weeks are used to initialize household-specific control 
variables and data of the next 52 weeks are used for model estimation. In addition, we have data 
of grocery purchases at other chains during the same period. These data will be used to (more) 
correctly operationalize the consumption rate, the inventory level, and the category-specific 
chain loyalty. 
We estimate the category purchase decision models for two frequently purchased 
categories, milk and cereals. We include all households that made at least one store visit at the 
Tesco chain in the estimation period (irrespective of the channel, hence we include both single- 
as well as multi-channel shoppers) and that are regular users of the category (i.e., who have 
consumption rates equal to or larger than 25% of the consumption rate distribution across 
households). There are 9251 households (2175 multi-channel and 7076 single-channel offline 
shopper) for the milk category, and 7836 households (2034 multi-channel and 5802 single-
channel offline shopper) for the cereals category.4 
Table 2 provides some descriptives per category, divided between purchase behavior 
descriptives (Panel A) and marketing mix descriptives (Panel B). Panel A shows that, for multi-
                                                          
4 Our dataset does not include single-channel online shoppers, which is indicative of the fact that the big majority of 
online shoppers keeps on buying via the offline channel. 
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channel shoppers, category purchase frequency is higher offline, but the % of visits with a 
purchase and the quantity per shopping trip are substantially higher online. This confirms the 
finding of previous research that major trips are more likely to be made in the online channel, 
while fill-in trips are most likely to happen in the offline channel (e.g., Chintagunta et al. 2012). 
Comparing the (offline) purchases of multi- and single-channel shoppers, we find that multi-
channel shoppers visit the offline store less frequently than single-channel shoppers and tend to 
buy larger quantities per shopping trip. This finding is in line with previous observations that 
especially time-constrained shoppers are more likely to take advantage of online shopping 
convenience benefits such as lower transaction costs and 24h availability from any place to order 
purchases (Degeratu et al. 2000; Perkins 2014). 
<Insert Table 2 about here> 
In terms of marketing mix variables (Panel B), it is interesting to note that the online 
assortment is a subset of the offline assortment and that it is substantially smaller for both 
categories. The average price (in standardized units) is, for both categories, lower in the online 
channel, but – taking only those SKUs into consideration that are offered in both channels – we 
find a price premium for the online channel in the milk category and a price premium for the 
offline channel in the cereals category. Still, for both categories, the price premium amount is 
quite small. Lastly, we find that, for both categories, the offline channel outperforms the online 
channel in terms of the average number of SKUs in promotion (10.17 offline vs. 2.56 online for 
milk, 25.12 offline vs. 5.12 online for cereals; which is in line with the difference in assortment 
size), but promotional advantages tend to be larger in the online than offline channel (13.84% 
offline vs. 17.5% online for milk, 22.38% offline vs. 27.64% online for cereals). Also here, we 
find, for both categories, an overlap with simultaneous promotions in about 1 out of 2 cases for 
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the online channel (about 50% of the promoted SKUs in a particular week in the online channel 
are also in promotion in the offline channel). This suggests that there is a common base for the 
promotional calendar of the online and offline channel (because manufacturers for instance have 
a say on how promotions are scheduled across all retailers), but both channels do keep a 
significant amount of independence and own responsibility for day-to-day operations like 
promotion plans. 
Table 1 shows the variable operationalization. We highlight some key features of the 
variable operationalization here and describe the details in Table 1. We use the initialization 
period of 26 weeks to compute the consumption rate and to provide a starting value for the 
inventory level. Consumption rate is defined as the weekly average category purchase quantity of 
household i across channels and chains in the initialization period. The inventory level is updated 
using household i’s inventory and purchase quantity from the previous week (at the Tesco chain 
and at the other chains) and the weekly consumption rate. The channel loyalty variable (𝑙𝑜𝑙𝑙𝑙𝑖𝑖,𝑐) 
is a weighted average of past loyalty and the households’ previous channel choice for the 
category at the Tesco chain (1 if channel c was selected on the previous purchase occasion and 0 
otherwise). The concomitant variables are operationalized as a multi-channel dummy variable 
which captures whether household i is a single-channel (0) or multi-channel (1) shopper, and as 
the share of category purchases at Tesco v-a-v the other chains which captures category-specific 
chain loyalty.5 
To construct the promotion variables, we first determine the price discount depth variable 
which equals the price discount (in %) when SKU n was on promotion in a week, 0 otherwise. 
To identify promotions, we use a procedure similar to prior research based on price deviations 
                                                          
5 This time-invariant variable indicates whether households are more or less category loyal at the focal chain. It is 
not to be confused with the time-specific channel loyalty variable (𝑙𝑜𝑙𝑙𝑙𝑖𝑖,𝑐) which traces a household’s preference 
for a specific channel at the focal chain during the course of time. 
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from the average price level (see Nijs et al. 2001; Geyskens et al. 2010). More specifically, we 
identify promotions as SKUs where the unit price in a particular week is at least one standard 
deviation below its average price level.6 Next, we calculate the price discount for those SKUs 
that are on promotion as the difference between the average price for SKU n minus the unit price 
for SKU n in a particular week divided by the average price for SKU n. In order to make these 
promotion variables household-specific, we (i) focus on visits to a channel where the household 
is in the opportunity to buy the category and (ii) use SKU spending shares in each household’s 
long-term shopping basket (across all chains) in the entire time period as weights, which reflects 
household-specific SKU preferences. Promotional variables are thus larger when (i) more SKUs 
are promoted and/or (ii) larger price discounts are given and/or (iii) promotions concern SKUs 
that are preferred (frequently bought in the past) by households. 
We operationalize the past promotion frequency variables (𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐, 𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅) as a 
weighted sum of category promotions in a specific channel during the past 26 weeks, given that 
household i visited that channel (and thus was exposed to the promotions in that channel). 
Because we want to capture the overall effect of perceived (past) and expected (future) 
promotion opportunities in the category (see e.g., Foekens et al. 1999; Kopalle et al. 1999), we 
take all SKU promotions in the category into account (hence, no weighting with household-
specific preferences). In line with previous research, we use a decay factor as ‘weight’ to control 
for recency and frequency effects. The resulting past promotion frequency variable is larger 
                                                          
6 We used the entire estimation period to determine the average price and its standard deviation. For milk, there was 
a significant price increase in week 62 (week 36 of the estimation period) both in the online and offline channel. 
Therefore, we calculated an average price for the period before the price increase and one for the period after the 
price increase. To verify our classification of (no) promotion SKUs/weeks, we conducted a number of robustness 
checks where we used different operationalizations of the average price level (e.g., based on a moving window) and 
different cut-offs (e.g., two standard deviations). These results show that our classification is robust. 
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when a household was more frequently and recently exposed to category promotions within the 
time window. 
(9) 𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 = ∑ 𝜆𝑠 ∗ 𝑝𝑒𝑜𝑝𝑜𝑖𝑖−𝑠,𝑐26𝑠=1  
 
EMPIRICAL RESULTS 
We estimated the above-stipulated model with a varying number of latent classes. 
Although additional segments provide a further improvement in goodness-of-fit for both models, 
there is a clear elbow (Figure 2) in the information criteria graph at three segments for both milk 
and cereals, with additional segments providing only a minor improvement in fit and coming at 
the cost of lower face validity of the results. Table 3 and 4 report the estimation results for the 
homogeneous and the three-segment model, for respectively milk and cereals. The estimation 
results for incidence are presented in Panel A and those for quantity in Panel B. 
<insert Figure 2 here> 
<Insert Table 3 and 4 about here> 
 
Estimation results: homogeneous model 
For each category, we obtain – for both purchase incidence and quantity – significant and 
expected positive effects for consumption rate (α2 = .325 and β2 = .605 for milk; α2 = .428 and β2 
= .301 for cereals), significant and expected negative effects for the mean-centered inventory 
variable (α3 = -.101 and β3 = -.055 for milk; α3 = -.207 and β3 = -.094 for cereals), and significant 
and expected positive effects for log inventory (α4 = .027 and β4 = .032 for milk; α4 = .035 and β4 
= .020 for cereals). We also confirm that the online correction parameter has, as expected, a 
positive effect on both purchase incidence and quantity decisions (α1 = .926 and β1 = .279 for 
milk; α1 = .904 and β1 = .128 for cereals), reflecting the tendency to buy larger baskets online. 
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The channel-specific category loyalty variables have an expected positive effect on purchase 
incidence decisions (α5,1 = 1.114 and β5,2 = 1.271 for milk; α5,1 = .509 and β5,2 = .780 for cereals). 
The within-channel immediate promotion effects are significant and have the expected 
positive sign (μ10,1 / δ10,1 > 0 and μ10,2 / δ10,2 > 0), which confirms H1. Also the cross-channel 
immediate effects are significant and as expected in H3 negative (μ2,1 / δ2,1 < 0 and μ2,2 / δ2,2 < 0), 
with the exception of the cross-channel effect of offline promotions on online purchase quantity 
for cereals which is not significant. For the within- and cross-channel delayed promotion effects, 
we observe for the majority of cases significant negative effects (as expected in H2 and H4). Yet, 
for both categories, there are a few significant (unexpected) positive effects but the negative 
effects clearly outnumber the positive effects, especially for the cereals category (5 / 7 negative 
and significant within- and cross-channel delayed coefficients and 3 / 1 positive coefficients for 
milk / cereals).7 
 
Estimation results: heterogeneous model 
Like for the homogeneous model, we find that all the coefficients of the control variables 
are significant and have the expected sign. Given that we are interested in exploring if and how 
household segments react differently to promotional effects (see H5), we zoom in on segment 
differences. Overall, for each category, the three segments exhibit some distinctive patterns in 
consumers’ responses to promotions, which are in line with our expectations. 
                                                          
7 A possible explanation for positive delayed promotion effects is that a higher promotion frequency could make 
consumers more price-conscious, and thereby increase their price sensitivity (Kopalle et al. 1999; Mela et al.1998). 
When delayed promotion effects are included into the model as main effects (instead of indirect effects on 
promotion sensitivity), the number of positive significant within- and cross-channel delayed effects was even higher 
(see robustness checks). A possible explanation for this is that many retailers offer promotions over a longer period 
of time, e.g. 4 weeks instead of 1 week (especially when promotions are featured in the store flyer). When the 
inventory variable adequately captures post-promotion dip effects, the lagged promotion variables may take away 
some of the main (current) promotion effect. 
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For both categories, we obtain segments with a larger share of multi-channel, loyal Tesco 
shoppers in the category (segment 1 and 3 for milk, and segment 1 and 2 for cereals). In line with 
our expectations, we find clear evidence of both negative cross-channel immediate and delayed 
promotion effects for these segments, with a notable higher number of significant negative cross-
channel effects for these segments (4 out of 8 for both segment 1 and 3 for milk, 4 out of 8 for 
segment 1 for cereals, and 2 out of 8 for segment 2 for cereals). Hence, as expected in H5a-d, 
consumers that use both channels of one single chain are more likely to experience negative 
cross-channel effects, both for the current purchase decisions as well as on their sensitivity 
towards promotional actions of that chain. While the cross-channel promotion effects are clearly 
more pronounced for these segments (compared to segment 2 for milk and segment 3 for 
cereals), these two segments differ among each other with respect to their general promotional 
responsiveness. Customers of segment 1 for milk and segment 1 for cereals are much more 
sensitive to online as well as offline promotions (significant positive main effects in 3 and 4 out 
of 4 cases for milk and cereals respectively). 
For both categories, there is also one segment with a smaller percentage of multi-channel 
and less loyal Tesco shoppers in the category (segment 2 for milk and segment 3 for cereals, who 
on average, respectively buy only 40% and 57% of category purchases at Tesco).8 As expected 
in H5a-d, these segments display almost no significant cross-channel effects (no significant effects 
for segment 2 for milk, and 1 significant effect for segment 1 for cereals). As these customers 
tend to spread their category purchases across Tesco and other chains, promotion pre-emption 
effects can be distributed over the focal chain (Tesco) and other visited chains, leading to 
substantially lower or insignificant cross-channel promotion effects for Tesco. 
                                                          
8 Although the multi-channel dummy variable is not significant in the three-segment solution for cereals, posterior 
chi-square tests confirm that for both categories the multi-channel share significantly differs across the three 
segments (milk: χ(2)=134.325; p<.001; χ(2)=13.896; p=.001). 
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Finally, it is interesting to note that – in line with the results of the homogeneous model 
and for both categories – cross-channel delayed effects on promotion sensitivity are much 
weaker compared to within-channel delayed effects. For the three-segment model, we observe 
only 2 significant negative cross-channel delayed effects vs. 5 significant negative within-
channel delayed effects for milk, and 2 significant negative cross-channel delayed effects vs. 6 
significant negative within-channel delayed effects for cereals. 
 
Robustness checks 
We conducted several robustness checks to verify the validity and specification of our 
model variables and the consistency of our findings. First, we tested different specifications for 
the baseline purchase tendency in the absence of promotions. Instead of the consumption rate 
and inventory variable combination used to capture the effect of category needs and dynamic 
promotion effects (purchase acceleration and stock-piling effects), we tested a model with an 
average spending variable (computed over the initialization period) and a mean-centered lagged 
spending variable, and one with the ‘traditional’ positive consumption rate and negative 
inventory effect (cf. Bucklin and Lattin 1991; Chintagunta 1993). Although results were very 
similar, we found that our model specification outperformed the alternative specification. 
Second, to assess whether additional post-promotion dips exist over and above what is 
explained by the (rational) inventory effects, we ran models where we included – next to the 
inventory variables – short-term lagged promotion variables (based on the previous purchase 
occasion) and longer-term delayed promotion variables (over a longer time period, taking 
frequency and recency effects into account). The face validity of the results of these alternative 
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model specifications significantly decreased, as we obtained a high number of significant 
positive lagged promotion coefficients. 
In addition, instead of using the price discount depth variable as stipulated before, we 
tested alternative operationalizations for the promotion variable including the number of SKUs in 
promotion and the absolute price discount amount. While we obtained very similar results with 
the ‘number of promotions’ specification; the absolute price discount amount operationalization 
clearly provided inferior estimation results. We further relaxed the restriction that promotion 
variables only come into play when consumers visit the other channel, by estimating a model 
where cross-channel effects are taken into consideration irrespective of whether the channel was 
visited in the previous weeks. Results point out that this model fit is significantly lower. To 
assess whether negative cross-channel effects are still significant when accounting for the fact 
that they only occur when a consumer visited both the online and offline channel in the same 
week, we also estimated a model including a dummy variable that corrected for the visit to both 
channels. We still obtained negative and significant cross-channel effects in some segments, but 
the face validity of other parameter estimates was substantially better for our final model 
specification. We also checked the sensitivity of the weight (.75) used to capture fading effects 
for constructing the delayed promotion variables (see Equation 9 and Table 1), but obtained 
similar results for decay factors in the .5 to .9 range. 
Finally, we examined the effect of sample selection by estimating our model, using a 
larger sample (where we place no cut-off for consumption rates and thus also include very light 
users of the category) as well as a smaller sample (where we focus on multi-channel shoppers 
only). Estimation results on the larger sample provided substantially inferior results, and we 
therefore decided to retain regular users of the category only. Estimation results for the smaller 
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sample of multi-channel shoppers only were very similar. However, given that consumers who 
shop primarily in one channel are a substantial portion of the population in most markets 
(especially for groceries and the offline channel), and retailers care about overall sales and 
overall promotion lift, we feel it is justified to include single-channel shoppers in our model 
estimation. 
 
DISCUSSION AND CONCLUSION 
The major objective of this research was to examine cross-competitive effects of category 
promotions in a multi-channel context and the way they may affect consumers’ category 
purchase decisions. Based on the traditional sales promotions literature, we defined three areas 
that needed to be investigated in order to obtain a better insight into these effects: (i) the 
promotions’ immediate effect on category purchase decisions in the other channel, (ii) the 
promotions’ delayed effect on future promotion sensitivity in the other channel, and (iii) 
consumer differences in these cross-channel promotion effects and their underlying factors. 
 
Cross-channel immediate effects 
Our results replicate previous findings that sales promotions can have an immediate 
positive effect on category purchase decisions, both in the offline and online channel. We are, 
however, the first to provide evidence that promotions can also have immediate negative effects 
on purchase decisions in the other channel. By pre-empting category purchases in the other 
channel (reduced purchase incidence probability and/or reduced quantity in the other channel), 
channel differences in promotion attractiveness can, within the same chain, lead to a shift in 
category sales from one channel to the other. These shifts may depend on the extent to which 
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promotions increase the relative attractiveness of a category, which is a function of the number 
of items on promotion, and/or the price discount depth and/or consumer preferences for 
promoted SKUs. 
 
Cross-channel delayed effects 
Consistent with previous research, we find that a high frequency of promotions in the 
offline channel reduces the consumers’ promotion sensitivity on subsequent visits to the offline 
channel (Foekens et al. 1999; Kalyanaram and Winer 1995; Kopalle et al. 1999). Interestingly, 
while online stores are typically visited less frequently (Chu et al. 2010; see Table 2), we provide 
evidence for a similar within-channel delayed promotion effect in the online channel, showing 
that frequent exposure to online promotions can also reduce consumers’ sensitivity to future 
online promotions. More importantly, a high promotion frequency in the past in one channel 
does not only affect future promotion sensitivity in the same channel, but it can also influence 
promotion sensitivity in the other channel. Hence, they can have additional, longer-term negative 
effects on consumer promotion sensitivity but only to a limited extent as our results point out that 
within-channel delayed effects clearly dominate cross-channel delayed effects. 
 
Household differences 
Prior research has indicated that promotional responses may differ across households 
(van Heerde and Neslin 2008). In this research, we confirm that cross-channel immediate and 
delayed effects are more pronounced for some households than for others. More particularly, we 
find that multi-channel shoppers who visit the offline and online store of the same chain, and 
category loyal customers of the chain who tend to concentrate purchases of a particular category 
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at one chain are much more likely to shift category purchases across channels rather than chains 
(resulting in stronger cross-channel immediate effects), and tend to be more sensitive to the 
promotion frequency in the focal chain (resulting in stronger cross-channel delayed effects). In 
contrast, cross-channel effects have a much weaker effect for segments who visit both channels, 
but also more chains, i.e., who spend a lower share of category purchases at Tesco. These 
consumers do not only have the opportunity to shift purchases from one channel to the other, but 
also from competitive stores to the focal chain. 
 
MANAGERIAL IMPLICATIONS 
Given the high growth rate of multi-channel retailing in recent years (Neslin et al. 2006; 
Neslin and Shankar 2009, Shankar et al. 2011), it is getting more and more important for 
marketing managers to better understand how to manage promotions in the complex multi-
channel shopping environment. Our research provides new and interesting insights that can help 
multi-channel retailers in optimizing their multi-channel strategy. 
First, our findings demonstrate that category sales promotions are an effective instrument 
to stimulate primary demand (i.e., category purchase incidence and quantity), both in the offline 
and online channel. We find, in both examined categories for all segments, significant positive 
immediate promotion effects at the incidence and/or quantity level. A second important insight is 
that cross-channel promotion effects are substantial and negative, and should be taken into 
account to correctly assess the promotions’ effectiveness and to define optimal promotion plans. 
The findings on cross-channel immediate promotion effects indicate that positive within-channel 
promotion effects can be counteracted by the negative effect they produce in the other channel. 
Hence, while channel differences in promotion attractiveness can be used by multi-channel 
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retailers to stimulate sales within one channel (e.g., because of differences in profit margin 
and/or consumers’ price sensitivity), the ultimate outcome on overall category performance 
remains uncertain. When differentiated promotions merely lead to shifts of purchases from one 
channel to the other over time, the advantages of offering channel-specific promotions may not 
weigh up against the risks of increased promotion exposure (cf. cross-channel delayed promotion 
effects). 
Yet, these cross-channel delayed effects do not really seem to reinforce the decrease in 
promotion sensitivity in response to higher promotion exposure in the past. While we find that – 
in line with previous research – frequent promotions within a channel can reduce the consumers’ 
future promotion sensitivity within the same channel, a high frequency of promotions in one 
channel only has a very limited effect on the sensitivity to future promotions in the other 
channel. Hence, the greater variety of sales promotions that multi-channel shoppers are exposed 
to does not seem to entail a substantial risk of aggravating the reduction in promotion sensitivity 
following a high promotion frequency in the past. 
Last but not least, cross-channel immediate and delayed promotion effects substantially 
differ across households. These effects are much more pronounced for multi-channel shoppers 
who visit the offline and online store of the same chain, and category loyal customers of the 
chain who tend to concentrate purchases of a particular category at one chain. Managers, 
therefore, need to be wary of these negative cross-channel effects for these consumer segments. 
Especially for chains with a large percentage of loyal customers, such as Tesco, making use of 
channel differences in promotion sensitivity to improve category and store performance (Wolk 
and Ebling 2010) may be difficult to realize, as differentiated promotion strategies can mainly 
lead to cross-channel cannibalization and ‘extra subsidization’ of loyal customers of the chain. 
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LIMITATIONS AND FUTURE RESEARCH 
While our research results provide interesting new insights into cross-channel effects of 
promotions in a multi-channel context, it also has a number of limitations and provides 
indications for further research in several interesting areas. First, we concentrate on temporary 
price discount promotions and do not distinguish between promotions that are initiated by either 
the manufacturer or retailer, nor do we have data to differentiate among the sales promotion 
forms (e.g., price vs. no-price promotions) and ways of communication (e.g., store flyer vs. in-
store promotions). We do acknowledge that it would be extremely interesting to further 
investigate different promotion types and to assess the importance of the type and 
communication vehicle of promotion advantages. Second, we only investigated cross-channel 
promotion effects for two categories. Analyzing a larger set of categories – that differ on 
characteristics such as perceived online purchase risk, shopping convenience, variety seeking 
tendency, etc. – and explicitly linking cross-channel effects to category characteristics could help 
to derive more specific guidelines for multi-channel promotion planning.9 What is more, we only 
focus on an online grocery shopping context. Replicating the study in other multi-channel retail 
settings would be an interesting area for further research. Also, our research focuses on cross-
channel promotion effects at the category level. While category level effects are the most 
relevant from a retailer point of view, it could also be interesting to investigate cross-channel 
effects at the brand level, as manufacturers may face a similar multi-channel promotion planning 
problem when selling their brand through a multi-channel retailer. Likewise, it would be equally 
                                                          
9 In a preliminary analysis, where we used a more restricted data set (with, for instance, no information on 
promotion depth, multi-channel shoppers only), we examined cross-channel promotions effects over a larger set of 6 
categories. We essentially arrived at the same major conclusions regarding cross-channel promotions effects, and 
found some indications of cross-category differences. 
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interesting to further investigate the impact of cross-promotions on traffic building/channel visit 
and on cross-category purchase behavior. Lastly, our research focuses on an analysis of cross-
channel promotion effectiveness in a multi-channel single-chain context. Incorporating chain and 
channel choice decision into the model estimations would greatly complicate the analysis, and 
could lead to interesting but less focal additional insights. Nevertheless, we consider it a 
promising avenue for additional research to investigate cross-channel promotion effectiveness in 
a multi-channel multi-chain context, where chain and channel choice decisions are explicitly 
modeled and where activities of competitive chains could be taken into account. Such an analysis 
would provide a more complete picture of promotion effects and consumer shopping behavior in 
the extremely complex multi-channel multi-chain shopping environment. Likewise, it would be 
interesting to investigate in more detail – in an experimental context, for instance, where focal 
variables can be controlled better  – how promotion programs (more or less differentiation) 
influence category and store performance, and how this differs across chains.  
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Figure 1: Conceptual Framework 
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Figure 2: Model Goodness-of-Fit 
Panel A: Milk 
 
 
Panel B: Cereals 
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Table 1: Variable operationalization 
Notation Name Description Specification 
𝑏𝑖𝑖,𝑐  Category purchase incidence for 
household i in channel c on  t 
Indicator variable, equal to 1 if household i makes a category purchase in channel c 
on purchase occasion t (i.e., week with a shopping trip), 0 else. 
 
𝑙𝑜𝑃𝑃𝑖𝑖,𝑐 Logarithm of category quantity for 
household i in channel c on t 
Logarithm of total quantity that was bought in a category (in standardized units: 
milliliter-milk, gram-cereals) for household i in channel c on purchase occasion t. 
 
𝑂𝑜𝑜𝑒𝑜𝑖𝑖 Visit to the online channel for 
household i on purchase occasion t 
Indicator variable, equal to 1 if household i visits the online channel on purchase 
occasion t, 0 elsewhere. 
 
𝐵𝑜𝑜ℎ_𝑜𝑒𝑜𝑖𝑖 Visit to both channels for household i 
on purchase occasion t 
Indicator variable, equal to 1 if household i visits both channels on purchase occasion 
t, 0 elsewhere. 
 
𝐶𝐶𝑖 Weekly consumption rate for household 
i  
Overall total quantity of the category bought by household i in all channels and 
chains in the initialization period (𝑃𝑃𝑖𝑠; s=1,…,26; s=week indicator) divided by 
number of weeks in initialization period (26). 
𝐶𝐶𝑖 = ∑ 𝑃𝑃𝑖𝑠/2626𝑠=1   
𝐼𝐼𝐼𝑖𝑖  Inventory rate for household i on 
purchase occasion t  
The inventory in the previous week (𝐼𝐼𝐼𝑖,𝑠−1), plus the amount bought in the 
previous week across all chains (𝑃𝑃𝑖,𝑠−1) minus the weekly consumption rate (𝐶𝐶𝑖). 
If this inventory level is smaller than 0, we use 0. The inventory level at the starting 
point of the initialization period (INVi0) is set equal to 0. 
𝐼𝐼𝐼𝑖𝑖 = max [0, �𝐼𝐼𝐼𝑖,𝑠−1 +
𝑃𝑃𝑖,𝑠−1 − 𝐶𝐶𝑖�]  
𝐼𝐼𝐼𝑖𝑖 Mean-centered inventory rate for 
household i on purchase occasion t  
Mean-centered version of the inventory rate, using the average inventory for 
household i (AVG_INVi) for mean-centering. 
𝑀𝐶𝐼𝐼𝐼𝑖𝑖 = 𝐼𝐼𝐼𝑖𝑖𝐴𝐼𝐴_𝐼𝐼𝐼𝑖 
𝑙𝑜𝑙𝑙𝑙𝑖𝑖,𝑐 Loyalty variable for household i in 
channel c on purchase occasion t  
Weighted average of past loyalty for the category in channel c at the focal chain 
(𝑙𝑜𝑙𝑙𝑙𝑖,𝑖−1,𝑐) and channel choice at the focal chain on the last purchase occasion 
(𝑏𝑖,𝑖−1,𝑐) for household i, with weight 𝜃 = .7 to capture fading effects. 𝑙𝑜𝑙𝑙𝑙𝑖𝑖,𝑐 = 𝜃 ∗ 𝑙𝑜𝑙𝑙𝑙𝑖,𝑖−1,𝑐 +(1 − 𝜃) ∗ 𝑏𝑖,𝑖−1,𝑐   
𝑊𝑃𝑐𝑜𝑊𝑖𝑒𝑐𝑜𝑖𝑠,𝑐 Average percentage price reduction for 
household i in channel c in week s 
The average % of price discount (PctDisctnsc) of a category across all SKUs (n=1, … 
N) in channel c in week s, weighted by spending shares for SKU n in each household 
i’s long-term shopping basket in the focal chain (win). Promotions are determined 
based on price deviations from the average price level (equal to 1 if unit price of 
SKU n in week s < (average price of SKU n – 1 standard deviation)). Next, price 
discount percentage is calculated as the difference between average price of SKU n 
minus unit price of SKU n in week s, divided by average price of SKU n. 
𝑊𝑃𝑐𝑜𝑊𝑖𝑒𝑐𝑜𝑖𝑠,𝑐= �𝑒𝑖𝑖 ∗ 𝑃𝑐𝑜𝑊𝑖𝑒𝑐𝑜𝑖𝑠,𝑐𝑁
𝑖=1
 
 
 
𝑃𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 Current sales promotions for household 
i in channel c on purchase occasion t  
Weighted percentage price reduction for household i in channel c, given that 
household i visits the channel in purchase occasion t. 
𝑃𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 = 𝑊𝑃𝑐𝑜𝑊𝑖𝑒𝑐𝑖𝑖,𝑐 ∗
𝐼𝑒𝑜𝑖𝑖,𝑐   
𝑃𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅ Current sales promotions for household 
i in channel 𝑐̅ on purchase occasion t  
Weighted percentage price reduction for household i in channel 𝑐̅, given that 
household i visits both channels in purchase occasion t. 
𝑃𝑒𝑜𝑝𝑜𝑖𝑖,𝑐̅ = 𝑊𝑃𝑐𝑜𝑊𝑖𝑒𝑐𝑖𝑖,𝑐 ∗
𝐼𝑒𝑜𝑖𝑖,𝑐 ∗ 𝑏𝑜𝑜ℎ_𝑜𝑒𝑜𝑖𝑖  
𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 Past promotion frequency for household 
i in channel c on purchase occasion t 
Weighted sum of previous promoted items of the category (number of promoted 
items, Nrpromoi,t-s,c ) on purchase occasion t, given the visits of household i in 
channel c in past 26 weeks (s=1, …, 26), with weight 𝜆 = .75 to capture fading 
effects. 
 𝐿𝑝𝑒𝑜𝑝𝑜𝑖𝑖,𝑐 = ∑ 𝜆𝑠 ∗26𝑠=1
𝐼𝑒𝑝𝑒𝑜𝑝𝑜𝑖,𝑖−𝑠,𝑐  
𝑀𝐶𝑀ℎ𝑜𝑝𝑝𝑒𝑒𝑖 Multi-channel dummy variable for 
household i 
Indicator variable, equal to 1 if household i visits the online and offline channel 
(multi-channel shopper), 0 elsewhere (single-channel shopper). 
 
𝐶𝑙𝑜𝑀ℎ𝑙𝑒𝑒𝑖 Share of category purchases at the focal 
chain for household i 
Overall total quantity of the category bought by household i in the estimation period 
in all channels at the focal chain Tesco (𝑃𝑃𝑖_𝑇𝑜𝑠𝑐𝑜) v-a-v the overall total quantity of 
the category bought by household i in all channels at all chains (𝑃𝑃𝑖_𝐴𝐴𝐴). 𝐶𝑙𝑜𝑀ℎ𝑙𝑒𝑒𝑖 =  𝑃𝑃𝑖_𝑇𝑜𝑠𝑐𝑜𝑃𝑃𝑖_𝐴𝐴𝐴  
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Table 2: Descriptive Statistics† 
 
Panel A: Purchase behavior descriptives 
 Milk Cereals 
Total Single- 
channel 
(offline) 
Multi-
channel 
Total Single- 
channel 
(offline) 
Multi-
channel 
Number of 
shoppersa 
9251 7076  
(76.49%) 
2175 
(23.51%) 
7836 5802 
(74.04%) 
2034 
(25.96%) 
Number of 
observa-
tionsb 
Off  251807 194457 
 
57350 
(74.3%) 
233288 
 
167861 65427 
(77.4%) 
On  N/R 13028 
(16.9%) 
 N/R 12939 
(15.3%) 
Both  N/R 6750 
(8.8%) 
 N/R 6137 
(7.3%) 
Average 
purchase 
frequency 
(# 
purchases/ 
week) 
Off .70 
(min:.04) 
(max:1) 
(s.e.:.24) 
.72 
(min:.08) 
(max:1) 
(s.e.:.23) 
.65 
(min:.04) 
(max:1) 
(s.e.:.27) 
.70 
(min:.02) 
(max:1) 
(s.e.:.25) 
.73 
(min:0) 
(max:1) 
(s.e.:.23) 
.62 
(min:.02) 
(max:1) 
(s.e.:.29) 
On  N/R .14 
(min:.02) 
(max:1) 
(s.e.:.20) 
 N/R .15 
(min:.02) 
(max:.96) 
(s.e.:.21) 
       
Shopping 
trip 
quantity 
(in 
standardiz
ed 
units/trip)c 
Off  2.92 
(min:0.02) 
(max:21.91) 
(s.e.:2.21) 
2.84 
(min:0.02) 
(max:21.52) 
(s.e.:2.17) 
3.14 
(min:0) 
(max:21.91) 
(s.e.:2.29) 
4.17 
(min:0) 
(max:61.42) 
(s.e.:3.43) 
4.13 
(min:0) 
(max:61.42) 
(s.e.:3.30) 
4.26 
(min:0) 
(max:39.10) 
(s.e.:3.75) 
On   
N/R 
3.11 
(min:0) 
(max:33.45) 
(s.e.:3.24) 
  
N/R 
5.77 
(min:0) 
(max:100) 
(s.e.:7.4) 
Sales (in 
£/year)a 
Off 396801 298212 
(75.0%) 
98589 
(25.0%) 
245181 
 
184003 
(75.0%) 
61178 
(25.0%) 
On  N/R 36985  N/R 35578 
† N/R = not relevant.  
a % of total in the category, across shopper segment. 
b % of total in the shopper segment per category. 
c expressed in standardized units: liters for milk, kilograms for cereals. 
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Panel B: Marketing mix descriptives 
 Milk Cereals 
Offline Online Offline Online 
# SKUs in the assortment 79 23 187 42 
% of overlap with assortment of other 
channel 
27.85% 
 
95.65% 21.93% 97.62% 
Average price (in £)a  
Mean: .75 
(s.e.: .26) 
Mean: .61 
(s.e.: .13) 
Mean: 3.38 
(s.e.: 1.61) 
Mean: 3.25 
(s.e.: 1.56) 
Price differential (for SKUs offered in 
both channels)b 
Mean: .006 
(s.e.: .060) 
Mean: -.015 
(s.e.: .504)  
# SKUs on promotion per weekc 
Mean: 10.17 
(s.e.: 12.03) 
(min.: 0) 
(max: 36) 
 
Mean: 2.56 
(s.e.: 3.28) 
(min.: 0) 
(max: 11) 
Mean: 25.12 
(s.e.: 15.60) 
(min.: 1) 
(max: 64) 
Mean: 5.15 
(s.e.: 4.25) 
(min.: 0) 
(max: 20) 
% depth of price discountc 
Mean: .1384 
(s.e.: .0476) 
(min.: .0385) 
(max: .3266) 
 
Mean: .1750 
(s.e.: .0774) 
(min.: .0147) 
(max: .4100) 
Mean: .2238 
(s.e.: .0514) 
(min.: .1643) 
(max: .5422) 
Mean: .2764 
(s.e.: .0825) 
(min.: .1220) 
(max: .4911) 
% of overlapd  11.59% 46.21% 10.85% 52.81% 
a expressed in standardized units: liters for milk, kilograms for cereals. 
b price differential is computed as the difference in online unit price and offline unit price for those SKUs that 
are offered in both channels. For both categories, the online assortment is a subset of the offline assortment (with 
the exception of 1 SKU in the online channel for both categories). 
c these variables are not weighted with household-specific preference shares. 
d % of SKUs that are simultaneously promoted in both channels compared to overall number of promotions. 
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Table 3: Estimation Results Milk† 
  Homog. 
model 
3 segment model 
Seg.1 Seg.2 Seg.3 
Category Purchase Incidence Decision 
 Intercept Offline (α0)  -.821**    -.415** -1.216**   -.072** 
 Intercept Online (α1)  .926**   .505** 
 Log cons. rate (α2)  .325**   .360** 
 Inventory, MC (α3) -.101**  -.099** 
 Log inventory (α4)  .027**   .021** 
 Loyalty Online (α5,1) 1.114** 1.144** 
 Loyalty Offline (α5,2) 1.271**   .935** 
Within-channel 
Immediate 
Online  Online (μ10,1) 2.509**   3.686**  2.495   -.215 
Offline  Offline (μ10,2)  .194**     .231     .649 -2.593** 
Within-channel 
Delayed 
Online  Online (μ11,1) -.410**    -.590    .669   -.446 
Offline  Offline (μ11,2)  .163**     .017    .049    .219** 
Cross-channel 
Immediate 
Online  Offline (μ2,1)   -6.570**  -9.070** -2.963 -9.524** 
Offline  Online (μ2,2)   -2.742**  -2.704  8.440** -6.714** 
Cross-channel 
Delayed 
Online  Offline (μ12,1)    1.419**     .680    .523    .002 
Offline  Online (μ12,2) -.064**     -.120   -.234    .004 
Category Quantity Decision 
 Intercept Offline (β0) .614**     .960**    .179**    .475** 
 Intercept Online (β1) .279**  .214** 
 Log cons. rate (β2) .605**  .618** 
 Inventory, MC (β3) -.055** -.030** 
 Log inventory (β4) .032**  .018** 
Within-channel 
Immediate 
Online  Online (δ10,1)    1.939**   1.649**  2.262*   -.275 
Offline  Offline (δ10,2)    2.781**   1.207**  2.649**    .860** 
Within-channel 
Delayed 
Online  Online (δ11,1) -.402**    -.329**  -.618*   -.026 
Offline  Offline (δ11,1) -.101**    -.073**  -.079**   -.031** 
Cross-channel 
Immediate 
Online  Offline (δ2,1)  -2.595**  -5.107**   .673 -1.653** 
Offline  Online (δ2,2)  -2.152**  -1.916**   .645   -.996 
Cross-channel 
Delayed 
Online  Offline (δ12,1) .226**     .069   .290    .351 
Offline  Online (δ12,2) -.151**    -.120***   .047   -.065* 
 Variance .305** .232** 
Segment Membership  
Intercept    -2.602** 4.803** -2.202** 
Multi-channel       .186**  -.220**    .034** 
Category share     3.852** -7.386**  3.534** 
Segment size   33.9% 29.1% 37.0% 
% multi-channel shoppers  28% 15.7% 26% 
Average category share  92% 40% 90% 
Model fit (BIC)  614324.64 544341.12 
† ** Significant at 1% level. * Significant at 5% level.  
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Table 4: Estimation Results Cereals† 
  Homog. 
model 
3 segment model 
Seg.1 Seg.2 Seg.3 
Category Purchase Incidence Decision 
 Intercept Offline (α0)    -.256**    .198**     .501**   -.411** 
 Intercept Online (α1)     .904** .504** 
 Log cons. rate (α2)     .428** .414** 
 Inventory, MC (α3)    -.207** -.206** 
 Log inventory (α4)     .035** .023** 
 Loyalty Online (α5,1)     .509** .631** 
 Loyalty Offline (α5,2)     .778** .392** 
Within-channel 
Immediate 
Online  Online (μ10,1)   2.892**    8.022**   -.718  1.273 
Offline  Offline (μ10,2)   1.342**    1.123**   1.185**  1.021** 
Within-channel 
Delayed 
Online  Online (μ11,1)  -4.869** -14.245**  -1.480 -1.211 
Offline  Offline (μ11,2)  -2.024**   -3.355**  -2.028**   -.785 
Cross-channel 
Immediate 
Online  Offline (μ2,1)  -5.664**   -4.708**  -8.076** -5.696** 
Offline  Online (μ2,2)  -1.380**   -1.196  -3.477**    .892 
Cross-channel 
Delayed 
Online  Offline (μ12,1)   4.430**      .328     .270    .240 
Offline  Online (μ12,2)    -3.386* -17.450**     .469  3.252 
Category Quantity Decision 
 Intercept Offline (β0)    .235**      .521**     .067**    .106** 
 Intercept Online (β1)    .128** .123** 
 Log cons. rate (β2)    .301** .309** 
 Inventory, MC (β3)   -.094** -.081** 
 Log inventory (β4)    .020** .013** 
Within-channel 
Immediate 
Online  Online (δ10,1)  1.773**    2.353**    .154    .329 
Offline  Offline (δ10,2)  1.640**    2.005**    .735**    .228 
Within-channel 
Delayed 
Online  Online (δ11,1) -3.798**   -8.267** -1.858 -2.396 
Offline  Offline (δ11,2) -5.699**   -4.886** -1.585**    .064 
Cross-channel 
Immediate 
Online  Offline (δ2,1) -1.655**   -3.771**   -.271 -2.164 
Offline  Online (δ2,2)     -.302    1.101   -.404   -.750 
Cross-channel 
Delayed 
Online  Offline (δ12,1) -2.790**   -6.460**    .580 -2.968 
Offline  Online (δ12,2) -2.358**   -2.107 -1.090  1.551 
 Variance    .337** .300** 
Segment Membership  
Intercept     -1.420** -2.717**  4.1371 
Multi-channel        .067 -.050 -.017 
Category share      1.882** 3.264** -5.146** 
Segment size    32.4% 29.9% 37.8% 
% multi-channel shoppers    28%   26%   24% 
Average category share   89.6% 92.0% 57.0% 
Model fit (BIC)  466649.52 444690.02 
† ** Significant at 1% level. * Significant at 5% level. 
  
40 
 
REFERENCES 
Ailawadi, Kusum L., Bari A. Harlam, Jacques César, and David Trounce (2006), "Promotion 
Profitability for a Retailer: The Role of Promotion, Brand, Category, and Store 
Characteristics," Journal of Marketing Research, 43 (4), 518-535. 
Ailawadi, Kusum L. and Scott A. Neslin (1998), "The Effect of Promotion on Consumption: 
Buying More and Consuming It Faster," Journal of Marketing Research, 35 (3), 390-398. 
A.T. Kearney (2012), "A Fresh Look at Online Grocery," [available at 
http://www.atkearney.com/paper/-/asset_publisher/dVxv4Hz2h8bS/content/a-fresh-look-
at-online-grocery/10192, last accessed on June 26 2014]. 
Avery, Jill, Thomas J. Steenburgh, John Deighton, and Mary Caravella (2012), "Adding 
Bricks to Clicks: Predicting the Patterns of Cross-Channel Elasticities Over Time," Journal 
of Marketing, 76 (3), 96-111. 
Bell, David R. and Yasemin Boztuğ (2007), "The Positive and Negative Effects of Inventory 
on Category Purchase: An Empirical Analysis," Marketing Letters, 18 (1), 1-14. 
Bell, David R., Jeongwen Chiang, and V. Padmanabhan (1999), "The Decomposition of 
Promotional Response: An Empirical Generalization," Marketing Science, 18 (4), 504-527. 
Bell, David R. and Christian A.L. Hilber (2006), "An Empirical Test of the Theory of Sales: 
Do Household Storage Constraints Affect Consumer and Store Behavior," Quantitative 
Marketing and Economics, 4 (2), 87-117. 
Bell, David R. and James M. Lattin (1998), "Shopping Behavior and Consumer Preferences 
for Store Price Format: Why Large Basket Shoppers Prefer EDLP," Marketing Science, 17 
(1), 66-88. 
Blattberg, Robert C., Richard Briesch, and Edward J. Fox (1995), "How Promotions Work," 
Marketing Science, 14 (3), 122-132. 
Blattberg, Robert C. and Scott A. Neslin (1989), "Sales Promotion: The Long and the Short of 
41 
 
It," Marketing Letters, 1 (1), 81-97. 
Blattberg, Robert C. and Scott A. Neslin (1990), Sales Promotion: Concepts, Methods, and 
Strategies, Englewood Cliffs (N.J.): Englewood Cliffs (N.J.): Prentice Hall, 1990. 
Bucklin, Randolph E. and Sunil Gupta (1992), "Brand Choice, Purchase Incidence and 
Segmentation – an Integrated Modeling Approach," Journal of Marketing Research, 29 
(2), 201-215. 
Bucklin, Randolph E., Sunil Gupta, and S. Siddarth (1998), "Determining Segmentation in 
Sales Response across Consumer Purchase Behaviors," Journal of Marketing Research, 35 
(2) 189-197. 
Bucklin, Randolph E. and James M. Lattin (1991), "A Two-State Model of Brand Choice and 
Purchase Incidence," Marketing Science, 10 (1), 24-39. 
Bucklin, Randolph E. and James M. Lattin (1992), "A Model of Product Category 
Competition among Grocery Retailers," Journal of Retailing, 68 (3), 271-293. 
Chiang, Jeongwen (1991), "A Simultaneous Approach to the Whether, What and How Much 
to Buy Questions," Marketing Science, 10 (4), 297-315. 
Chiang, Jeongwen (1995), "Competing Coupon Promotions and Category Sales," Marketing 
Science, 14 (1), 105-123. 
Chintagunta, Pradeep K. (1993), "Investigating Purchase Incidence, Brand Choice and 
Purchase Quantity Decisions of Households," Marketing Science, 12 (2), 184-209. 
Chintagunta, Pradeep K., Junhong Chu, and Javier Cebollada (2012), "Quantifying 
Transaction Costs in Online/Off-line Grocery Channel Choice," Marketing Science, 31 (1), 
96-114. 
Chu, Junhong, Marta Arce-Urriza, Jose-Javier Cebollada-Calvo, and Pradeep K. Chintagunta 
(2010), "An Empirical Analysis of Shopping Behavior across Online and Offline Channels 
for Grocery Products: The Moderating Effects of Household and Product Characteristics," 
42 
 
Journal of Interactive Marketing, 24 (4), 251-268. 
Chu, Junhong, Pradeep Chintagunta, and Javier Cebollada (2008), "A Comparison of Within-
Household Price Sensitivity across Online and Offline Channels," Marketing Science, 27 
(2), 283-299. 
Degeratu, Alexandru M., Arvind Rangaswamy, and Jianan Wu (2000), "Consumer Choice 
Behavior in Online and Traditional Supermarkets: The Effects of Brand Name, Price, and 
Other Search Attributes," International Journal of Research in Marketing, 17 (1), 55-78. 
Foekens, Eijte W., Peter S.H. Leeflang, and Dick R. Wittink (1999), "Varying Parameter 
Models to Accommodate Dynamic Promotion Effects," Journal of Econometrics, 89 (1), 
249-268. 
Foubert, Bram and Els Gijsbrechts (2007), "Shopper Response to Bundle Promotions for 
Packaged Goods," Journal of Marketing Research, 44 (4), 647-662. 
Fox, Edward, Alan L. Montgomery, and Leonard M. Lodish (2004), "Consumer Shopping 
and Spending across Retail Formats," Journal of Business, 77 (2), S25-S60. 
Geyskens, Inge, Katrijn Gielens, and Els Gijsbrechts (2010), "Private Label Proliferation: 
How Introducing Economy and Premium Private Labels influences Brand Choice, " 
Journal of Marketing Research, 47 (5), 791-807. 
Gijsbrechts, Els, Katia Campo, and Patricia Nisol (2008), "Beyond Promotion-Based Store 
Switching: Antecedents and Patterns of Systematic Multiple-Store Shopping, " 
International Journal of Research in Marketing, 25 (1), 5-21.  
Guadagni, Peter M. and John D. C. Little (2008), "A Logit Model of Brand Choice Calibrated 
on Scanner Data," Marketing Science, 27 (1), 29-48. 
Gupta, Sachin and Pradeep K. Chintagunta (1994), "On Using Demographic Variables to 
Determine Segment Membership in Logit Mixture Models," Journal of Marketing 
Research, 31 (1), 128-136. 
43 
 
Gupta, Sunil (1988), "Impact of Sales Promotions on When, What, and How Much to Buy," 
Journal of Marketing Research, 25 (4), 342-356. 
IGD (2009), "Online Grocery Shopping to Double in Five Years," [available at 
http://www.telegraph.co.uk/finance/newsbysector/retailandconsumer/7020524/Online-
food-shopping-expected-to-double-in-five-years.html, last accessed on June 23 2014]. 
IGD (2011), "Hunt for Value Drives Multi-Channel Shopping Across Europe," [available at 
http://www.igd.com/our-expertise/Shopper-Insight/Channels-and-In-store/4589/European-
shoppers-hunt-around-multiple-channels-for-value/, last accessed on June 23 2014]. 
Kalyanaram, Gurumurthy and Russell S. Winer (1995), "Empirical Generalizations from 
Reference Price Research," Marketing Science, 14 (3), 161-169. 
Kopalle, Praveen K., Carl F. Mela, and Lawrence Marsh (1999), "The Dynamic Effect of 
Discounting on Sales: Empirical Analysis and Normative Pricing Implications," Marketing 
Science, 18 (3), 317-333. 
Krishna, Aradhna, Imran S. Currim, and Robert W. Shoemaker (1991), "Consumer 
Perceptions of Promotional Activity," Journal of Marketing, 55 (2), 4-17. 
Kumar, V. and Robert P. Leone (1988), "Measuring the Effect of Retail Store Promotions on 
Brand and Store Substitution," Journal of Marketing Research, 25 (2), 178-186. 
Mace, Sandrine and Scott A. Neslin (2004), "The Determinants of Pre- and Postpromotion 
Dips in Sales of Frequently Purchased Goods," Journal of Marketing Research, 41 (3), 
339-350. 
MacKenzie, Scott B. and Rockney G. Walters (1988), "A Structural Equations Analysis of the 
Impact of Price Promotions on Store Performance," Journal of Marketing Research, 25 (1), 
51-64. 
Mela, Carl F., Kamel Jedidi, and Douglas Bowman (1998), "The Long-Term Impact of 
Promotions on Consumer Stockpiling Behavior," Journal of Marketing Research, 35 (2), 
44 
 
250-262. 
Neslin, Scott A. (2002), Sales Promotion, Cambridge (Mass.): Marketing Science Institute, 
2002. 
Neslin, Scott A., Dhruv Grewal, Robert Leghorn, Venkatesh Shankar, Marije L. Teerling, 
Jacquelyn S. Thomas, and Peter C. Verhoef (2006), "Challenges and Opportunities in 
Multichannel Customer Management," Journal of Service Research, 9 (2), 95-112. 
Neslin, Scott A. and Linda G. Schneider Stone (1996), "Consumer Inventory Sensitivity and 
the Postpromotion Dip," Marketing Letters, 7 (1), 77-94. 
Neslin, Scott A. and Venkatesh Shankar (2009), "Key Issues in Multichannel Customer 
Management: Current Knowledge and Future Directions," Journal of Interactive 
Marketing, 23 (1), 70-81. 
Nielsen (2012), "Three-quarters of UK Consumers use the Internet for Grocery Shopping," 
[available at http://www.nielsen.com/uk/en/insights/press-room/2012/three-quarters-of-uk-
consumers-use-the-internet-for-grocery-shop.html, last accessed on June 23 2014]. 
Nijs, Vincent R., Marnik Dekimpe, Jan-Benedict E.M. Steenkamp, and Dominique M. 
Hanssens (2001), "The Category Demand Effects of Price Promotions," Marketing 
Science, 20 (1), 1-22. 
Pauwels, Koen, Dominique M. Hanssens, and S. Siddarth (2002), "The Long-Term Effects of 
Price Promotions on Category Incidence Brand Choice, and Purchase Quantity," Journal of 
Marketing Research, 39 (4), 421-439. 
Perkins, Garals (2014), "Millennials take their Growing Buying Power Online," [available at 
http://www.thepacker.com/opinion/Millennials-take-their-growing-buying-power-online-
260424061.html, last accessed on June 23 2014]. 
Retail Systems Research (2013), "Omni-Channel 2013: The Long Road to Adoption," 
[http://www.rsrresearch.com/2013/06/11/omni-channel-2013-the-long-road-to-adoption/, 
45 
 
last accessed on June 23 2014]. 
Shankar, Venkatesh and Ruth N. Bolton (2004), "An Empirical Analysis of Determinants of 
Retailer Pricing Strategy," Marketing Science, 23 (1), 28-49. 
Shankar, Venkatesh, J. Jeffrey Inman, Murali Mantrala, Eileen Kelley, and Ross Rizley 
(2011), "Innovations in Shopper Marketing: Current Insights and Future Research Issues," 
Journal of Retailing, 87 (1), 29-42. 
Sun, Baohong, Scott A. Neslin, and Kannan Srinivasan (2003), "Measuring the Impact of 
Promotions on Brand Switching When Consumers Are Forward Looking," Journal of 
Marketing Research, 40 (4), 389-405. 
van Heerde, Harald J., Els Gijsbrechts, and Koen Pauwels (2008), "Winners and Losers in a 
Major Price War," Journal of Marketing Research, 45 (5), 499-518. 
van Heerde, Harald J., Peter S. H. Leeflang, and Dick R. Wittink (2000), "The Estimation of 
Pre- and Postpromotion Dips with Store-Level Scanner Data," Journal of Marketing 
Research, 37 (3), 383-395. 
van Heerde, Harald J. and Scott A. Neslin (2008), "Sales Promotion Models," in Handbook of 
Marketing Decision Models, (Berend Wierenga, ed.), New York: Springer. 
van Heerde, Harald J., Sachin Gupta, and Dick R. Wittink (2003), "Is 75% of the Sales 
Promotion Bump Due to Brand Switching? No, Only 33% Is," Journal of Marketing 
Research, 40 (4), 481-491. 
Vermunt, Jeroen K. and Jay Magidson (2005), Latent GOLD 4.0 User Manual. Belmont MA.: 
Statistical Innovations Inc. 
Vroegrijk, Mark, Els Gijsbrechts, and Katia Campo (2013), "Close Encounter with the Hard 
Discounter Entry: A Multiple-Store Shopping Perspective on the Impact of Local Hard-
Discounter Entry," Journal of Marketing Research, 50 (5), 606-626. 
Wolk, Agnieszka and Christine Ebling (2010), "Multi-Channel Price Differentiation: An 
46 
 
Empirical Investigation of Existence and Causes," International Journal of Research in 
Marketing, 27 (2), 142-150. 
Zhang, Jie and Lakshman Krishnamurthi (2004), "Customizing Promotions in Online Stores," 
Marketing Science, 23 (4), 561-578. 
Zhang, Jie and Michel Wedel (2009), "The Effectiveness of Customized Promotions in Online 
and Offline Stores," Journal of Marketing Research, 46 (2), 190-206. 
  
 
FACULTY OF ECONOMICS AND BUSINESS 
THE RESEARCH CENTRE FOR MARKETING AND CONSUMER SCIENCE 
Naamsestraat 69 bus 3500 
3000 LEUVEN, BELGIË 
tel. + 32 16 32 67 00 
fax + 32 16 32 67 32 
info@econ.kuleuven.be 
www.econ.kuleuven.be/Marketing 
